Assistive robotic technology can play a major role to improve the quality of life of the physically weak people such as aged, injured, disabled or handicapped. Many assistive devices have been developed according to the needs of such individuals. Especially, upper-limb power-assist exoskeletons have been able to draw attention, as the upper limb motions are very important for the daily activities. Electromyography (EMG) signals of the upper limb muscles have frequently been used as a primary signal to control the upper-limb power assist exoskeletons, because the EMG signals directly reflect the motion intention of the user. However, one of the main problems for EMG-based control is the muscle fatigue, because the muscle fatigue can affect the EMG patterns. When the user's muscles get fatigued, it is required to consider the variety of EMG signals on the EMG-based controllers. In this paper, the effects of muscle fatigue on EMG-based control are analyzed based on upper-limb elbow flexion/extension motions and fuzzy-neuro modifiers which intend to compensate for the muscle fatigue effects based on a combination of EMG Root Mean Square (RMS) and EMG Mean Power Frequency (MPF) are proposed. The effectiveness of the proposed fuzzy-neuro modifiers for compensation of the effects of muscle fatigue are evaluated by conducting experiments.
a person to do his/her daily life activities is the upper-limb motion. However, it is sometimes not easy for physically weak elderly, disabled, and injured individuals to perform daily upper-limb activities properly. Therefore, upper-limb power-assist exoskeletons can be used to assist such individuals. The power-assist exoskeletons are required to move according to the user's motion intention. Electromyography (EMG) signals measured from the human skin surface has been identified as one of the best candidates as a control input to such exoskeletons, because it directly reflects the human motion intention (i.e., the human muscle activity). Therefore, it is important to study the relationship between EMG signals and the intended motions of the users. Several studies have been reported about the correlation between EMG signals and the human motion intention. An electromyography study has been carried out for upper-limb adduction force with varying shoulder and elbow postures (5) . Then a study has been conducted to research about the muscle activity and coordination in the normal shoulder (6) . The results of human upper-limb muscle activities during daily upper limb motions have been also discussed (7) . As the EMG signals directly reflect the human motion intention, they are often used as control command signals for robotic systems such as exoskeletons. Some of these upper-limb exoskeletons consist of only a few degrees of freedom (DOF) (8) - (10) , whereas some designs equip with 7 DOF for upper-limb (2) (4) (human upper limb mainly consists of 7 DOF assuming/ignoring the movements of the center of rotation of the shoulder joint ).
Obtaining similar natural human motions, while wearing an exoskeleton robot for a longer period of time is one of the requirements in exoskeleton robots. However, in EMG-based control, one of the main problems for EMG-based controller is the muscle fatigue, because the muscle fatigue can affect on the amplitude and frequency parameters of EMG signals with respect to the time. Amplitude and spectral frequency characteristics of the EMG signals have been often used to monitor the muscle fatigue. Many studies show that amplitude often increases and spectral frequency features such as mean/median power frequency usually decreases with fatigue conditions (11) - (13) . However, the median power frequency is usually considered as less sensitive to noise, but on the other hand mean power frequency (MPF) is suggested as a more reliable measure of fatigue in practice, even though the MPF can be affected by the noise (14) . By the way, it is important to investigate the variations of these amplitude and spectral features during the dynamic contractions, as in the most practical applications such as exoskeletons, it is needed to analyze the EMG features in dynamic conditions. In many studies, the EMG amplitude has been observed to increase during dynamic exercise whereas the EMG spectral frequency features has been reported to decrease during the dynamic tasks (15) (16) . The explanation of muscle fatigue from the EMG signals for dynamic conditions is known to be much more difficult, because it introduces additional factors that affect their characteristics such as effects of muscle kinematics on surface EMG amplitude and frequency during fatiguing dynamic contractions (17) . Meanwhile, some studies have proposed methodologies for monitoring the muscle fatigue continuously throughout dynamic movements which the results might be applicable to normal occurring activities (18) . However, most results indicate that, it is not easy task to generate an analytical model, which associates the muscle fatigue with specific individual features of the EMG signals. To overcome these limitations, different methods have been proposed in the literatures. One of the methods was the analysis of EMG amplitude and spectrum changes in simultaneously to discrimination between fatigue-induced and force-related EMG changes (19) . However, several studies have used an artificial neural network (ANN) to predict the muscle fatigue or related measurements (20) (21) by using domain and spectral features as the inputs. The basis for these approaches was that the ANN would estimate the correlation between EMG signals and the muscle fatigue by learning, as contrary to an analytical approach that would be much complex.
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However, in the context of EMG-based control methods in bio-robotics applications such as in exoskeletons or prosthetics, only few studies can be found in which relates to studies of muscle fatigue. A study which was carried out to find out the effects of muscle fatigue on EMG-based control of human upper-limb power assist was reported (22) . The paper suggested that an EMG-based controller which depends on a single feature such as EMG RMS as the only input signal may not estimate the correct motion intention of the user during the muscle fatigue conditions. In the same paper, the results concluded that the spectral features such as MPF can be used as an additional input signal to EMG-based controller, to compensate for the time varying effects such as the muscle fatigue. Besides, there are only few recent researches which propose some attempts to develop EMG-based controllers to robust on the time-varying EMG features such as muscle fatigue. In a recent study, a switching regime model which uses time varying EMG features has developed for EMG-based control of a robot (24) . On the other hand, it is difficult to find studies which have been carried out to test for the effectiveness of the EMG-based control methods when the system is affected by factors such as muscle fatigue. However, it is necessary to consider about the effects of muscle fatigue on EMG-based control systems, because it is needed that the exoskeletons or robots to perform in a reliable and accurate manner as long as they are being used.
Therefore, in this paper, we propose fuzzy-neuro modifiers to compensate the muscle fatigue effects on the EMG-based control based on a combination of EMG RMS and EMG MPF. The proposed modifiers make the EMG-based control method to estimate the relavant joint torque outputs, which eventually generate the desired motion of the robot or exoskeleton under the muscle fatiguing conditions. The effectiveness of the proposed method has been evaluated by performing experiments.
EMG-Based Control
EMG-based control methods have adequately been used in many of the exoskeletons and prosthetics. One of the primary levels of EMG-based control used in controlling robots, exoskeletons or prosthetics is the simple on-off control (25) . But, this type of prosthetic/exoskeletons may not be suitable to be used in assisting the complex daily life activities. Instead of simple on-off/binary control of robots using EMG signals, the proportional controlling methods therefore have been developed (26) (27) . The rationale behind these methods is that the control output are estimated by a proportional controller, where the level of the assistance or proportionality constant of the exoskeleton is controlled by varying the gains linked to each EMG signal. On the other hand, muscle models such as Hill-based muscle model (28) are also employed in some studies (9) .However, due to the nature of the biological signal such as EMG signals which is usually a non-linear, a non-stationary signal, above mentioned types of control methods may not be employed in complex control of exoskeletons or prosthetics. Moreover, EMG signals are known to be user dependent. Which means a custom developed controller for a particular user may not be used by another user without any modifications to the EMG-based controller. These reasons urge the importance of the use of adaptive EMG-based control methods (29) - (32) . In these types of control methods, it is possible to adapt the robot or exoskeleton controller to be used with any user by means of teaching methods.
However, most of the mentioned EMG-based control methods have not attended a detailed consideration about the effects of muscle fatigue on the EMG-based control. Therefore, in this study we attempted to develop a method to compensate the effects of muscle fatigue on EMG-based control which is aimed to be used in upper-limb power-assist exoskeletons. A single DOF robot, which supposes to perform the motions similar to the user's elbow joint motions, is used to evaluate the proposed methods. The robot consists of Vol. 7, No. 4, 2013 Journal of Advanced Mechanical Design, Systems, and Manufacturing two rotational joints which can simulate the shoulder and elbow joint motions in parallel to the sagittal plane. To control the robot, EMG-based control method which consists of a fuzzy-neuro modifier for considering the upper-limb posture is used as similar to the previous studies (31) - (33) . Moreover, to compensate the effects of muscle fatigue on EMG-based control of the robot, separate fuzzy-neuro modifiers are proposed. Since, the effectiveness of the previously proposed fuzzy-neuro modifier which takes the effects of postural changes was verified already in the previous studies, the effectiveness of the proposed method against the muscle fatigue has been evaluated in this paper.
Fuzzy-Neuro Modifiers for compensation of the effects of Muscle Fatigue on EMG-Based Control
In the case of EMG-based control, EMG amplitude features such as EMG RMS are often provided as the primary input to the controller, as they can represent the motion intention of the user. However as discussed in the previous section, several studies have shown that the amount of EMG RMS signal may be changed when the muscle get fatigued. This may cause problems with the expected functions of the robot. For an example, a controller which has trained for estimating the elbow motor torque using RMS changes with the elbow angle before the muscle fatigue will not give accurate results due to different correlations between the amount of EMG RMS values and the elbow angle after fatiguing conditions. Therefore, it is important to make necessary adjustment to the EMG-based control methods to compensate for the effects of muscle fatigue on the overall system. In this study, fuzzy-neuro modifiers have been designed and developed based on EMG MPF and RMS to adapt to the muscle fatigue situation. The details of the proposed method are elaborated as follows.
In order to monitor the muscle fatigue situation, EMG signal of certain muscles must be monitored. The biceps and triceps are identified as the most relevant muscles for the elbow flexion/extension motions which are involved in the most of the daily motions. Furthermore, they are bi-articular muscles which are used for the shoulder motion too. Therefore, EMG signals of the biceps and triceps are monitored to consider the muscle fatigue situation to control the robot based on the motion intention of the user in this study. Then, the EMG RMS is calculated by following equation using raw EMG signals. (1) where ch i is the RMS value of ith channel EMG signal, v ij is the voltage of ith channel at jth sampling. N is the number of the segments (N=100), and the sampling frequency is set to 2 kHz. Basically, all joint torques of upper-limb are estimated based on these RMS values. Then, the joint torque for elbow joint to control the single DOF robot can be written as follows. (2) where τ elbow , ch bicep , and ch triceps are elbow joint torque, EMG RMS of the biceps muscle and EMG RMS of the triceps muscle, respectively. The weights w elbow.bicep and w elbow.triceps are the corresponding weights related to the elbow joint torque, biceps and triceps muscles which are changed by a fuzzy-neuro modifier according to the upper-limb posture variations in real-time to adjust the influence of the changes of the EMG signals (31) - (33) . The structure of the fuzzy-neuro modifier which is used here is shown in Fig. 1 . Shoulder vertical, horizontal angles, elbow joint angle and angular velocity are fed into the fuzzy-neuro where w 0,bicep is the initial weight value. However, in order to compensate for the effects of muscle fatigue in each muscle on EMG-based control, new coefficients are introduced to the elbow join EMG-based torque calculating eq. (2). Therefore, the modified version of the torque equation is calculated as follows. where w bicep.FC and w triceps.FC are the two new weights which are changed according to proposed another two fuzzy-neuro modifiers for compensating the muscles fatigue effects based on biceps and triceps muscles, respectively. The architecture of the fuzzy-neuro modifier for compensation of the muscle fatigue effects of the biceps and the triceps muscles are shown in fig. 2 (a) . Two new weight values are obtained by the product of initial weight values and the CW bicep.FC , CW triceps.FC which are generated by the fuzzy-neuro modifiers. As an example, this can be shown as follows for the biceps muscle. (5) where w 0,bicep.FC is the initial weight. In these fuzzy-neuro modifiers, the input features are EMG RMS and a spectral feature EMG Mean Power Frequency (MPF). The EMG MPF is the frequency of the EMG signal at which the average power within the segment/window is reached. To calculate the MPF, the Power Spectrum Density (PSD) of the EMG signals is calculated using Fast Fourier Transformation (FFT) method. The MPF is calculated as follows:
Vol. 7, No. 4, 2013 Journal of Advanced Mechanical Design, Systems, and Manufacturing where PSD i is i th line of the EMG power spectrum density, f i is the i th frequency bin of the power spectrum density and M is the length of the power spectrum density (M=1024). Because of the high computational cost in calculating MPF using FFT, the MPF is calculated at every 128 data points (or approximately at every 50ms) and the same value is kept until the next value is calculated in order to synchronous with the EMG RMS sample rate. It is assumed that the MPF is not expected to vary within this 50ms. The whole alrorithm/program, including FFT calculations is carried out using a custom C++ (Microsoft Visual C++ Express Edition) program, which runs on the Windows XP platform. A personal computer with Intel Core 2 Quad (2.5 GHz) processor and 4GB RAM, is used in this study.
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It is important to discuss about the design procedure of the fuzzy-neuro modifiers. The structure of the fuzzy-neuro modifier is same as a neural network and the process of the signal flow is same as that in fuzzy reasoning. Each fuzzy-neuro modifier consist of five layers (input, fuzzyfier, rule, defuzzyfier and output layers) as shown in fig. 2(a) . The first/input layer of each fuzzy-neuro modifier consists of two nodes: nodes for RMS and MPF features of the EMG signal as the input variables. As the RMS and the MPF features show a non-linear variation, each feature is separated into five regions/five linguistic variables as very small (VS), small(S), large (L), very large(VL) and ultra large(UL) in the fuzzifier layer where the input information is fuzzyfied. Two nonlinear functions (i.e. Gaussian function and Sigmoid function) are used to express the membership function of the fuzzy-neuro modifier (15) . The membership functions of the MPF feature is shown in fig.  2(b) . For VS and UL the Sigmoid functions are used whereas S, L, VL regions are represented using Gaussian functions. The same types of membership functions are used for EMG RMS signals. The parameters of each fuzzy membership function are calibrated according to each subject after prior analysis of the features of each subject. In each FNM the rule layer is consisting of 25 rules (i.e. 5 rules -RMS X 5 rules-MPF). In the rule layer, the coefficient for each weight is reasoned in any combination of EMG RMS and MPF. To do that, calculated membership functions from the fuzzyfier layer are sent to the rule layer and multiplied in the neuron in the rule layer according to the fuzzy IF-THEN rules. There are two outputs form each neuron in the rule layer. One of them is multiplied by the weight and summed in the next layer. The other is just summed and then inverted in the defuzzyfier layer. The multiplied value of these outputs will be the output of the final/output layer (10) . A clear interpretation of the estimated final EMG-based torque with the compensation of the effects of muscle fatigue as in eq. (4) can be shown in fig. 3 . Therefore, three fuzzy-neuro modifiers are used to estimate final EMG-based torque in the proposed method. The adaptation of the each fuzzy-neuro modifier itself to each user is very important. Therefore, each fuzzy-neuro modifier is trained to adapt itself to each user using the information of the user's elbow joint angle and the robot's joint angle. The error-back propagation learning algorithms are applied to minimize the squared error functions. The squared error function for the learning algorithm is given as below:
where θ h and θ r stand for angle of the user elbow joint and the robot's joint angle, respectively.
As there are two adaptation/training loops for each user to perform, the following method has been introduced in the training procedure. First, each user is asked to train the robot without the two fuzzy-neuro modifiers for compensation of the effects of muscle Journal of Advanced Mechanical Design, Systems, and Manufacturing fatigue in effect. This is achieved by maintaining the two coefficients, w bicep.FC and w triceps.FC to 1 during training. That means the training loop of the two fuzzy-neuro modifiers related to muscle fatigue effects are turned off (This can be achieved by setting the learning rates of the fuzzy-neuro modifiers for fatigue compensation to zero). However, during this training period, subjects are asked to avoid the muscles being fatigued. Therefore, several short time training periods are performed by providing the proper rest times between the trainings. When the sufficient level of accuracy of controlling the robot is reached (i.e., the error between desired and measured angle is minimized), the first stage of training of the robot is stopped. Then the second stage, which is the adaptation for compensating for the muscle fatigue, is started. During this step, the learning of the fuzzy-neuro modifier of influence the posture changes in the arm, is set to zero and allow two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue to learn. The subjects are asked to perform the elbow flexion/extension motions until they feel fatigue while the two coefficients are allowed to change according to the variation of the MPF and RMS signals of the two muscles. The second training loop is carried out for several times for each and every subject in order to properly adapt to the variations of the muscle fatigue effects by minimizing the error between the desired and measured angles. All the training/teaching processes are carried out in real-time. Therefore, the number of data used in the training process will be depended on the duration of the training time and the sample rate. In this study, the sample rate is maintained at 2000 Hz and for all the training loops, the learning rates are set to 0.0001.
Then the desired elbow angular acceleration of the user's elbow motion is calculated as follows.
(8) (9) where τ elbow.FC.avg is the average of τ elbow.FC in N f number of samples, is the desired elbow angular acceleration and M is the moment of inertia of the part below elbow joint of the robot. In order to control the robot arm based on the desired motion intention of the user, the following torque is generated by the robot. (10) where τ motor is the motor torque command generated. k v and k p are the control gains. Ө d (dot) and Ө d are desired elbow angular velocity and angle, which are calculated from (9) respectively. Ө r(dot) and Ө r are the joint angular velocity and angle of the robot respectively. The Gravity and the robot joint friction functions are represented by G(Ө r ) and F fri (Ө r(dot) ) respectively.
Experiments
The aim of this paper was to study about the effects of muscle fatigue on EMG-based control and evaluate the proposed fuzzy-neuro modifiers for compensation of the effects of muscular fatigue on EMG based control. Therefore, the evaluation of the proposed method for compensating the effects of muscle fatigue was carried out based on the single DOF robot as shown in fig.4 (a) . However, the robot arm used in this study, did not assist the user in the proposed method. The robot was used as a external robot arm which was requied to move according to the elbow flexion/extension motion of the user. The effects of the proposed method during muscle fatigue situations can interpret clearly using this kind of robot arm, because of the possibility of measuring the desired elbow motions of the user and the motions of the robot generated by the EMG-based controller individually. In order to evaluate the effects of the proposed methods, the experiments were carried out with three subjects. Three healthy men (subject A (age-27), subject B (age 25), subject C (age 23)) who were not suffering any previous upper limb muscle disorders participated in these experiments. Full instructions about the experimental procedure was given to each subject before the study. The EMG signals of the biceps and the triceps muscles of the upper-limb were measured using surface EMG electrodes with bipolar montage [NE-101A, Nihon Koden Co.] through an amplifier [MEG-6108, Nihon Koden Co.]. The EMG sample rate was set to 2 kHz. Elbow angle and shoulder angles were measured at rate of 2 kHz using a rotary encoder attached to elbow (using two links and adhesive tapes) and using a 3-axis accelerometer respectively. The robot joint angle was measured using inbuilt encoder of the motor at a rate of 2 kHz. The set up for this experiment and the locations of the EMG electrodes which attached to upper limb are shown in fig.4 .
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As the first step of the experiments, teaching/learning process is conducted for each subject as mentioned in the section 3 to adapt the EMG-based controller to each user. In the teaching process, each subject was asked to hold a 2 kg weight in his/her hand while doing the elbow flexion/extension motions. Once the training sessions finished, each subject was asked to follow the experiments to evaluate the performance of the proposed method. In the experimental sessions, the subjects were asked to perform the elbow flexion/extension motion until they felt fatigued and cannot continue the motions while holding the 2kg weight. In order to evaluate the proposed method for different speeds of the elbow motions, subjects were instructed to perform elbow flexion/extension with slow motions and fast motions in separate sessions. To maintain the slow motion or fast motion, flexion-extension movements were paced by a software metronome. The subjects were asked to follow the metronome beat (which was set to beat at 1Hz) and performed the elbow flexion/extension motions synchronized with the metronome beats. However, the subjects were given some time to practice to follow the metronome sound before starting the experiments. Therefore, in the slow motion experiment, each elbow flexion/extension cycle was spanned approximately 5 [s] periods (5 beats) whereas, for the fast motion it was approximately 1 [s] period (1 beat). Between these sessions, sufficient rest time was given to each subject. During the experiments, the robot was controlled by the elbow joint EMG-based torque estimated under the all three fuzzy-neuro modifiers are in effect (i.e.: elbow joint torque using eq(4)). However, it is important to compare the performance of the robot without employing the two fuzzy-neuro modifiers for compensation of the effects of the muscle fatigue (i.e.: estimation of the elbow joint EMG-based torque using eq (2)). Furthermore, it is necessary to compare with respect to the similar input conditions. Therefore, EMG RAW signals, human elbow joint angles and the accelerometer data were recorded for each and every session during the experiments. To test the EMG-based controller performance without using two fuzzy-Neuro modifiers for compensating the effects of muscle fatigue on biceps and triceps, the recorded data were fed into the program in real time, and allowed the robot to move according to the generated torque commands.
Results and Discussion
Experimental results were analyzed in order to evaluate the effectiveness of the proposed method. Figure.5 shows a sample variation of EMG RMS and MPF features of the bicep muscles of subject A during fast elbow flexion/extension motion. It can be seen that, EMG RMS shows an increasing pattern whereas EMG MPF is decreasing to lower frequencies ( MPF feature variation using 2 [s] moving average window is shown in the plot Vol. 7, No. 4, 2013 Journal of Advanced Mechanical Design, Systems, and Manufacturing only for aiding the better visualization) . Therefore as discussed in the previous sections, these data suggest the indication of muscle fatiguing conditions. Here, it only depicts the results of a sample session of subject A. Similar kind of results were obtained for slow motions and as well as the motions of the subject B and C. On the other hand, EMG features of triceps muscles did not show a notable variation during almost all the experiments sessions which may due the nature of the experiments where the activity level of the biceps muscle was prominent. Even though different patterns suggest with each subject in EMG RMS and MPF in different levels of the fatigue conditions of the biceps and the triceps muscles, the proposed two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue should be able to adapt to those changes by learning. Therefore, if the proposed method effectively estimates the correct EMG-based torque estimation according to the motion intention of the subject in the muscle fatigue conditions, measured motion of the robot should be similar to the subject's desired elbow motion.
The experimental results of the subject A during a slow elbow flexion/extension experiment session with and without the proposed method are depicted in fig.6 . Figure.6 (a) hows the variations of the user's elbow angle and robot's joint angle in a sample period of 10 [s] near to the start of the experiment with and without the two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue in effect. As fig. 6(a) represents the starting phase of the experiments, results can be identified as the non-fatigue conditions. In both methods of EMG-based torque estimations, the robot was able to move similar to the desired elbow motions, as the subject was not in the muscle fatigue conditions. The average peak angle difference between desired and the robot motion, with and without the two fuzzy-neuro modifiers of the bicep and triceps are 4 fig. 6 (c) which shows the ending phase of the experiment, desired and robot variations are sufficiently close each other for the results with the two fuzzy-neuro modifiers in effect. However, it can be seen that a clear overshoot of the estimated angle variations in the results without the proposed two fuzzy-neuro modifiers of compensation of the effects of muscle fatigue. Similar results were observed in other subjects and the average peak angle differences between desired and the robot motions for each subject with and without the two proposed fuzzy-neuro modifiers of the bicep and triceps near to end 10 [s] of slow elbow motion experiments are shown in table 1. These results suggest that the effectiveness of the proposed two fuzzy-neuro modifiers during muscle fatigue conditions. The reason for overshoot angle during muscle fatigue conditions is the increment of the EMG RMS which causes the reason to increase the EMG-based torque estimation. However, it can be observed that the robot motion with proposed two fuzzy-neuro modifiers of biceps and triceps have been able to compensate this effect so that the average peak angle difference between desired and the robot motion is reduced as shown in the table 1. Moreover, the estimated EMG-based torque values during the non-fatiguing periods and during 10 
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proposed fuzzy-neuro modifiers for compensation of the muscle fatigue was calculated (i.e.: ratio between the difference of average torques to average torque without using the proposed two fuzzy-neuro modifiers of biceps and triceps). This value during the 10 [s] near to end of the experiments for subject A, B and C were 9%, 8% and 8% respectively. Moreover, the proposed method during the relatively fast elbow flexion/extension motions were also tested and sample results of subject B during such an experiment are shown in fig. 7 . Figure 7 period results close to end of the experiment. Similar to slow motion experiments, with the non fatiguing conditions both with and without two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue were able to estimate the desired elbow motions of the subject accurately as shown in fig. 7 (a) . However, the effectiveness of the proposed method for compensating the effects of muscle fatigue can be visualized by fig. 7 (c) ( during muscle fatigued conditions) and further supported by the results shown in table 1. The results of the fast motions in table 1 were calculated during 10 [s] periods as similar to the slow motion experiments. For all the subjects, the proposed two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue were able to modify the EMG-based torque estimation, so that it was the reason to reduce the overshoot angle between desired and robot motion. When a particular subject is not in the muscle fatigued conditions, his variation of EMG RMS and MPF should be normal. However, as subjects proceed with the muscle fatigue experiments, EMG RMS and MPF features will be changed. But, the fuzzy-neuro modifiers for compensation of the effects of muscle fatigue should be able to adapt these changes in real-time. As a result, the outputs of these fuzzy-neuro modifiers will change the two coefficients according to the muscle fatigued conditions. For an example fig.8 (a) and (b) show the variations of fig.8 (b) ) with respect to the non-fatigued situation (as in fig.8 (a) ). On the other hand, the W tricep.FC coefficient has not showed considerable difference in between these two conditions which may due the nature of the experiments where the activity level/fatigue level of the biceps muscle was prominent. The results show the effectiveness of the proposed method so that during the muscle fatigue, the increment of the EMG-based torque due to the increment of the EMG RMS is deteriorated by the effects of the two coefficients. However, it was observed that the performance of the proposed method during the slow elbow motion with respect to the fast elbow motion has been slightly elevated. One of the possible reasons for causing these variations may be the low accurate estimation of the MPF feature by the FFT algorithm during the fast muscle contractions. However, the percentage reductions of the average torque values due to proposed method were 11%, 12% and 12% for subject A, B and C respectively. Therefore, these results suggest that the proposed method which the use of two fuzzy-neuro modifiers for bicep and triceps can be applied to compensate effects of the muscle fatigue conditions on EMG-based control during the slow motion of elbow flexion/extension and even during the fast motion to an adequate level. The method can be extended to use in upper-limb power-assist exoskeleton to correctly assist the user in muscle fatigue conditions, because the basic EMG-based controller used in this study was much similar to EMG-based controller that uses in 7-DoF upper-limb power-assist exoskeleton (4) (32) which intended for slow motions assist of the old or physically weak individuals.
Conclusions and Future plans
In this paper, fuzzy-neuro modifiers for compensation of the effects of muscle fatigue on EMG-based control were proposed and evaluated. The proposed method was tested on a single DoF robot which supposed to perform the motions similar to the elbow flexion/extension motions intention of the user. In the proposed method, the EMG MPF with the combination of EMG RMS was used as the input features of two fuzzy-neuro modifiers which was individually employed on biceps and triceps muscles to recognize the muscles fatiguing conditions. The EMG-based controller, which used the EMG RMS as the only input was not able to operate the robot accurately under the muscle fatiguing conditions. Whereas, the EMG-based control method with the two fuzzy-neuro modifiers for compensation of the effects of muscle fatigue were able to generate the much closer motion to the user's desired motions. The proposed method has shown a higher effectiveness for estimating slow motions of elbow flexion/extension during muscle fatiguing conditions than with the fast motions of the elbow joint. The effectiveness of the proposed method was evaluated using three subjects and the results suggested, that the method can be extended to upper-limb power-assist exoskeleton control under the muscle fatiguing conditions. As for the future work, it is aimed to test with more robust algorithms during more dynamic situations for calculating the MPF and incorporate new indices of muscle fatigue as the input features to the proposed fuzzy-neuro modifiers. Also, the method should be tested in real life conditions with the targeted end users such as old people who have more chance to get their muscles fatigue (23) during their daily activies. Eventually, in future studies it is aimed to adopt this method in EMG-based controller of the upper-limb power-assist exoskeleton where the safety and long term reliability are vital. Vol. 7, No. 4, 2013 Journal of Advanced Mechanical Design, Systems, and Manufacturing
